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Abstract 
 
Nowadays, we are witnesses of a steadily increasing research interest in design, modeling, construction and 
practical experiments with adaptable e-learning platforms and tools. Adaptive Web based multimedia 
information authoring, control and delivery tends to be more and more promising as its offer unlimited level of 
personalization and satisfaction of goals and preferences of particular learners. Moreover, content delivery 
adapts to assessed level of knowledge and performance shown by the learner at given time of the e-learning 
process. Modern Adaptive Hypermedia Systems (AHS) try to select content that best fits to the model of given 
learner, based of various forms of system adaptation. They can adaptive navigation through content pages and 
adapt content structure and/or presentation to needs and performance of each particular learner. Many 
contemporary AHS rely on self adaptive mechanisms for navigations, structuring and presentation of content 
best suited for given learner model. Usually, these mechanisms rely of setting weights for content pages. The 
article discusses a new approach for self adaptive navigation through concepts used for definition of a 
polymorphic learner model. The concepts from the learner model such as learner style, goals/preferences and/or 
learner prior knowledge and shown performance, are used for indexing of working paths of content pages but 
not pages themselves. Next, path indexes for the learner concepts are used at the decision (control) points within 
the narrative storyboard graph in order to select the path best suited to particular learner model. This process is 
called self adaptive content navigation as it dynamically changes the path indexes based on the results of tests 
and assessment of user satisfaction measured at the control points and, further, it uses them to reason which 
content to navigate to. 
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1. INTRODUCTION 
 
Adaptable e-learning concepts tend to appear more and more crucial for creation of modern learning 
management systems. In last decade, there have been conducted a lot of works identifying the key challenges in 
adaptive Web based multimedia information delivery. Adaptive Hypermedia Systems (AHS) can provide several 
forms of adaptation, such as adaptive navigation, structural adaptation, adaptive presentation and historical 
adaptation[1]. The chief goal of personalised adaptive e-Learning was formulated by Wade [2] as provision of 
“e-learning content, activities and collaboration, adapted to the specific needs and influenced by specific 
preferences and context of the student, based on the sound pedagogic strategies”. Some research groups focus on 
adaptivity to learners’ current knowledge based on the theory of knowledge spaces [3]. The use of learning 
objects provides an excellent opportunity for learners to apply their own meanings and context to available 
information [4]. Dynamic adaptation is used in different instructional scenarios with content package adaptation 
facilitated by wide usage of Web services [5]. Other researchers introduce additional level of system self 
adaptability based on the idea that different forms of learner model can be used to adapt content and links of 
hypermedia pages to given user. The self adaptability is based on clean separation of the learner model from the 
content model and from the adaptation model, without narrative or pedagogical model to be embedded in the 
content or the adaptation engine. It supposes dynamic changes in adaptation process based on modification of the 
content parameters according input from learner passing hypermedia resources and assessment about their 
understanding. 
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The paper presents a new approach for obtaining self adaptability through concepts used for definition of a 
polymorphic learner model. It provides explanation of our triangular representation of the models describing the 
learner, the domain and the adaptation model. Next, it shows how concepts from the learner model (describing 
issues as learner style, goals/preferences and/or learner prior knowledge and shown performance) are used for 
indexing paths of content pages but not pages themselves. Finally, path indexes are used at the decision (control) 
points as a base for reasoning which set of content pages to be shown to the user with that particular learner 
model. The selection of the best path for particular learner based on his/her learner model weighted characters 
forms self adaptive navigation, as far as the system “learns” what content is best suited for that learner model. 
 
 
2. THE MODEL 
 
The AHS model described by the article follows a metadata driven approach, explicitly separating narrative 
storyboard from the content and adaptive engine (AE). Fig. 1 represents the triangular structure of our model 
which refines the AHAM reference model [6] by dividing in three each one of the learner (user), domain, and 
adaptation models. This is a new hierarchical organizational model for building self adaptive hypermedia 
learning management system (LMS). At first level, the model is based on a precise separation between learner, 
content and adaptation model, while at second level each of these sub-model is divided into three others sub-
models [7]. All the sub-models should be defined as XML schemas representing the characteristics of a learner 
that must be modeled and used for cross-session interoperability and consistency. The sub-models may consist of 
several concepts related or not related each other by some ontology links.  
 
           
 
              Fig. 1. The triangular model structure                                Fig. 2. A sample conceptual learner model 
 
The main benefits of our model are it provides strong independence of any of the building models and facilitates 
a flexible adaptation and self adaptation. It be supported by different system architectures not limiting 
application of various adaptation techniques, such as adaptive presentation, navigation support and content 
selection. In order to be able to describe polymorphic learner profiles, each of the concepts has a weight factor 
WCi (zero or any integer number) specifying the importance or the level of presence of that concepts inside the 
model as shown in fig. 2. Thus, concepts are having no importance or not being present receives zero weight.  
 
 
2.1 The learner model 
 
Unlike other approaches, in the learner model we separate goals and preferences from shown knowledge and 
performance, as the first sub-model is static while the second one is rather dynamic and takes a part in the event-
driven storyboard monitoring. The model of learning style (visual, auditory, kinesthetic and others) is detached 
as another learner sub-model and can be used for choosing contents for given learning style. While the learning 
style can be determined in the very beginning of the learning explicitly by the learner or by appropriate tests, 
other tests should be exercised during the e-learning process in order to assess prior knowledge and performance 
results of each individual student. 
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2.2 The domain model 
 
The domain model is composed of content itself (granulized in learning objects according to the SCORM 
standard) [8], its metadata (LOM) and content groups forming a logical taxonomy for the knowledge domain 
built upon domain ontology during the course composition process by the course author. The content groups are 
used by the adaptive engine (AE) for choosing most appropriate group for presenting it to the user with given 
earning model and may organize learning objects/assets. Instead of choosing dynamically an arc with its content 
group, we propose choice of best path for given learning style and user preferences on one hand, and shown prior 
knowledge and performance on the other. For this purpose, we define storyboard Control Points (CPs) as nodes 
of the storyboard graph for given learning style, where AE either measures learner knowledge/performance, or 
receives input about learner’s goals and preferences. For the sample narrative storyboard graph presented in fig. 
3, CPs are shown as black circles. The path from one control point to another is referred as Working Path (WP). 
Each working path may consist of one or more arcs each specifying (by storyboard metadata) its content groups 
available for the selection process. 
 
2.3 The adaptation model 
 
The adaptation model (AM) captures the semantics of the pedagogical strategy employed by a course and 
describes the selection logic and delivery of learning activities/concepts. AM includes a narrative storyboard 
sub-model supporting course storyboard graphs, which may differ for different learning styles. It consists of 
control points (CP) and work paths (WP).  
 
Fig. 3 presents a sample narrative storyboard graph summarizing storyboard graphs for several different learning 
styles. CP’s are given in black circles, while other points (nodes) without any control functions are shown in 
white. With dotted hairlines there are presented all the four WP’s starting from CP1 and finishing in CP2. Some 
of them could be available for a given narrative storyboard for a specific model, some not. Moreover, AM should 
provide a schema of storyboard rules used for controlling the e-learning process. Storyboard rules determine 
sequencing of the course pages upon inputs from learner sub-models.The narrative metadata sub-model 
associating each arc of the narrative storyboard graph with a content group of the domain model. 
 
 
Fig. 3. Sample narrative storyboard graph 
 
2.4 The adaptive engine 
 
The core of our model is the adaptive engine (AE) which is responsible for generating the actual adaptation 
outcomes by manipulating link anchors or fragments of the pages’ content before sending the adapted pages to a 
browser. The AE uses an event-driven mechanism for controlling the storyboard execution based on the 
storyboard rules applied to the inputs from the learner model in order to select best storyboard graph’s arc for 
particular user. 
 
 
3. SELF ADAPTIVE NAVIGATION 
 
As usual, self adaptability is introduced by dynamic indexing of pages based on information’s from the learner 
model [9]. Page indexing is realized by attributing dynamically weights to content pages for given learning style 
and using these weights as indexes when making choice of next page to be displayed [10]. In this work, we 
propose a new mechanism of usage of weights for obtaining self adaptability, namely: 
CP1 
CP2 
CP3 
CP4 
CP5 
WP1.1 
WP1.2 
WP1.3 
WP1.4 
(1) instead indexing of pages, weight coefficients are allocated per WPs, as far as the decisions are taken in 
the very end of each WP, i.e., when reaching next CP. At that CP, the AE will have all needed 
information from particular learner model and will choose the whole WP which is best suited for 
particular learner model, with all the content groups instead of selecting best content for each arc of the 
graph; 
(2) instead indexing k-th WP by an integer weight, the AE supports for each particular WPk a weight array 
with size equal to the number of concepts of the learner model, where each array element WWPk(Ci) will 
give weight of this WPk for the corresponding concept Ci. 
 
The mechanism of obtaining self adaptivity relies on the weight coefficients of each concepts supported by the 
learner model. In fact, it uses the trail left by the learner when he/she passes a WPk with given result of 
performance or satisfaction measured at the CP in the end of that WPk. As far as the weight factor WCi 
(specifying the importance or the level of presence of that concept inside the model) is greater and the result is 
higher, the trail (i.e. the coefficient) for that concept will be thicker. Thus, adaptation engine collects historical 
data (results) for passes of learners with various models through each WPk and, at the control points, it 
reevaluates the weight array for the passed WPk for each concept Ci proportionally to the weight of that concept 
within the learner model WCi, by means of the formula as follows:  
 
WWPk(Ci) = WWPk(Ci) + Result*WCi 
 
In this way, if the learning process starts with weight arrays with zero elements for all the WPs, then after 
sufficient number of passes through each WP the process will represent (by weight arrays) the accumulated level 
of success for each concept from the learner model. For illustration purpose, let suppose that weight arrays 
elements are depicted as colors over the lines for each particular WPk. So each WPk will be painted from the 
starting CP until the ending CP in as many colors as are the concepts in the learner model. Let imagine that each 
WPk is painted without mixing the colors, in a way of forming bands along the line where each band is painted in 
only one color as shown in fig. 4. For that simple case, the figure depicts the bands of three learning concepts 
painted in different colors. The WP from CPi to CPj has different widths of its three bands compared to the WP 
from CPm to CPn. Thus, in given WPk each weight WWPk(Ci) will be represented by the width of the band with 
correspondent color and, as more times that WPk is passed successfully regarding the assessment of the concept 
Ci, as much the the width of the band with correspondent color will turn larger and larger. In such a way, 
weighted colored working paths (fig. 4) provide an integrated evaluation of successful passes for all 
corresponding concept Ci which has been accessed at the ending CP for that working path. Next, after reaching a 
stable evaluation (the ration among widths of the colored bands is not changed substantially any more), the 
adaptation engine will be able to choose at given CP the best WP for user with given learner model, by 
evaluating the maximum of ∑WWPk(Ci)*WCi for each WPk starting at that CP. In this way, AE realizes self 
adaptive navigation through content paths as far as it collects knowledge what paths are best suited for particular 
learner model with given concepts’ weights. 
 
 
 
Fig. 4. Weighted working paths with coloured bands 
 
 
4. CONCLUSIONS 
 
The great benefit resulting from the proposed model lies in the fact that there is no limitation for a final (and else 
rather small) number of learner types and indexed content pages for each of these types. The model indexes 
working paths (but not pages) for each one of the concepts from the learner model (but not for each one of the 
learner types) assuring unlimited combinations between concepts weights and, thus, a realistic presentation of 
the learner’s type variations. Moreover, such systems may be used for determining the user model type by means 
of passing through weighted WPs and assessments at the CPs. 
 
As described above, the adaptation engine collects historical results for passes of a particular learner with given 
model with weighted concepts through each of the working paths and, at the control points, it reevaluates the 
weight array for the passed WPk for each concept Ci proportionally to the weight of that concept within the 
learner model WCi. It has been described a scenario, where the learning process starts with zero weights for all 
the WPs, then after sufficient number of passes through each WP the process will represent (by weight arrays) 
the accumulated level of success for each concept from the learner model. However, other scenarios are quite 
feasible as well, for example the case where the instructor determines non-zero initial weights for the WPs and 
the selection of the best path is able to start in the very beginning of the learning process. Nevertheless, here the 
process of self adaptation will most probably change the weights with further assessment, too. Thus, after 
sufficient number of passes through the working paths, the weight coefficients for each of the concepts may 
change substantially from the initial values determined by the instructor. In any of these scenarios, the AE selects 
best path based on the mechanism of self adaptive path navigation described over. 
 
The proposed new mechanism for self adaptive hypermedia navigation may vary not only depending on learning 
styles but on learner performance, as well. Furthermore, it is suitable for navigation and user results evaluation 
as e-learning hypermedia systems as hypermedia games. In fact, e-games differ from AHLMS only in their 
semantics – they deal with gamer model, preferences, style and performance while the e-learning deals the same 
issues about the learner instead of the gamer. Our future works are going to be design and implementation of a 
software architecture supporting adequately and efficiently the model and the method for self adaptive 
navigation described here. We are planning to use Web services for description, discovery and delivery of e-
learning content in an adaptable way. 
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